Abstract--The effective protection from natural disasters requires the development of a rational and sensible protection and prevention policy.
INTRODUCTION
Recently, the world has witnessed scary natural disasters with fatal results. Forest fires and floods are major global issues with a huge environmental impact on a global scale. All of the Mediterranean countries, Australia, and U.S.A. face a serious forest fire problem. Data reveal that Greece has the most severe forest fire problem among the E.U. countries, not only according to the number of fires that break out every year, but according to the average burnt area per fire as well. It has been estimated that almost 39. 4 Ha are burned per fire in Greece, while in Spain this number is 28.47, in Italy 19.74, and in Portugal 15.29. It is not only a problem of climatic conditions and vegetation, but a problem of political will and a matter of the existing forest policy and forest laws [1] .
Floods also are a very dangerous type of natural disaster that should be studied and a proper protection policy should be made. It is obvious that the proper calculation of the degree of natural disaster risk (D.N.D.R.) for each area is very crucial. The case of the floods of the summer of 2002 in central Europe revealed a totally unexpected situation [2] .
It is obvious that a flexible and reliable way of measuring natural disaster risk is required. The problem of the existing approaches (for the D.N.D.R. estimation) is that they use crisp sets. A crisp set is based in the concept that something either belongs to it or it does not. Based on this logic, an area either belongs to the highest (or lowest) risk group or not. In this way, specific boundaries are drawn between the areas in order to cluster them. For example, an area with 20 to 30 annual forest fire breakouts is considered to be high risky. At the same time, an area with 19 forest fires is considered not risky and another with 31 is considered as maximum risk area. However, it does not seem rational to differentiate two areas with one forest fire breakout difference.
The purpose of this study is the extension of the decision support system that has been developed by Iliadis et al. in 2002 [3,4] . This is done in such a way that it can perform D.N.D.R.
estimation, by applying trapezoidal membership functions and successful forecasting of the extent of the natural disaster problem for the following year. A parallel target is the comparison of the results obtained by this effort, to the results taken by the application of the older version of the system [3, 4] .
MATERIALS AND METHODS
There are two main types of sets. The crisp (or classic) sets and the fuzzy sets. For example, a crisp set can be defined by a membership function in the following way, 1, if X E S, ~s(X)= 0, ifX¢S.
In crisp sets, a function of this type is also called characteristic function. Fuzzy sets can be used to produce the rational and sensible clustering. For fuzzy sets, there exists a degree of membership #s(X) that is mapped on [0,1] and every area belongs to all clusters at the same time (from lowest risk to highest) with a different degree of membership [5] .
In the 1960s, Zadeh developed a linguistic approach to deal with linguistic vague information based on fuzzy sets and fuzzy logic [6] . Since then there have been a number of applications of the approach to a large variety of fields including meteorology, engineering, medicine, management, computer science, expert systems, and systems science [7] . Of course, the characteristic cluster for each prefecture is the one with the highest value of #s(X).
A trapezoidal membership function can be applied to produce five different cases of degrees of membership.
However, in many cases the problem is the estimation of a joint D.N.D.R. For example, it is very important to define the degree of flood risk for an area based on the height of rain and on the estimated economic damage at the same time. The production of a unique risk index would be very important in such a case. The decision support system (D.S.S.) would be asked to cluster the areas and characterize them as "Areas with the most floods AND areas with the largest financial damage". To achieve this kind of characterization or others of the same nature, fuzzy mathematical operations like T-norms or S-norms can be applied on the #,(X)~,j where i = 1, 2, 3, 4... n (n is the number of the areas under examination) and j = 1, 2, 3... m (where rn is the criterion for which the risk is calculated). Various types of joint D.N.D.R. can be produced for all of the prefectures of Greece by the application of fuzzy relations and by using matrix multiplications.
The developed D.S.S. is able to provide ranking of the areas of Greece based on a specific type of D.N.D.R. Authorities will be able to use the risk groups in order to distribute their forces rationally and to plan appropriate prevention and recovery policies.
EXISTING APPROACHES IN GREECE FOR FOREST FIRE RISK ESTIMATION AND OUR SYSTEM
This study focuses on the application of the developed DSS on the problem of forest fires. Various approaches have been proposed to estimate the annual forest fire risk in Greece. The oldest crisp approaches were developed 30 years ago. More specifically, Kailidhs et al. introduced the fire ignition index (F.I.I.) [8] by dividing the burnt area to the number of forest fires, for each type of vegetation.
Katsanos classified the forest departments of Greece [9] , into seven classes of forest fire risk, according to the burnt area, for every 10,000 Ha. As mentioned before both approaches use crisp sets and the cases that are dose to the boundaries of the clusters are classified irrationally.
Today, fuzzy systems can be used for different kinds of purposes such as modeling, prediction, classification, and control in the field of systems science [7] . In particular the possible use of fuzzy systems in modeling and control has generated great attention [7] .
Recently, the laboratory of Forest Informatics of the Democritus University of Thrace, has developed two D.S.S.: a heuristic and a fuzzy one which can be considered as innovative [3, 4] .
These systems perform forest fire risk estimation of the forest fire departments of Greece and forecasting of the problem extent for the following year. They are using the concept of fuzzy expected intervals, triangular membership flmctions and various sophisticated heuristics. The approach proposed in this paper is a major extension of the existing ones [3, 4] . It is based on supervised machine learning algorithms and it uses a trapezoidal membership function to estimate the forest fire risk for each area of interest and for the first time fuzzy expected intervals (F.E.I.) are produced for the burned areas (Ha) of the forest departments. The use of F.E.I. has been proposed by Iliadis [4] but it is the first time that it is materialized and applied here.
THE SEMITRAPEZOIDAL MEMBERSHIP FUNCTION
Usually, the human reasoning is very approximate. Our statements depend on the contents and we describe our physical and spiritual world in rather vague terms. Imprecisely defined "classes" are an important part of human thinking [10] . It would be essential to understand that the term "forest fire risky area" is both imprecise and subjective and it is determined by a membership function. Membership functions may have different shapes. The choice of a shape for each particular linguistic variable is both subjective and problem-dependent [10] . Any function #(x)-+ [0,1] describes a membership function associated with some fuzzy set. A trapezoidal membership function is a special case of the following expression [10] ,
Function 3. Definition of a semitrapezoidal membership function.
The parameters a and b denote lower and upper bounds and m and n denote coordinates of tolerance. Of course, only a semitrapezoidal function can be used in this case, because there could not exist a case with more burned Ha than the maximum value n. The determination of a, rn, and n is done after a k-means clustering performance. The k-means clustering was done to determine the centers of tile first two clusters and the center of the last cluster. The centers of the first two clusters are 375863 and 271540. These two centers are the coordinates of tolerance n and m, respectively. The tolerance refers to the maximum membership value that equals to 1. The center of the last cluster 23915 is the lower border a, of the semitrapezoidal function.
THE
CONCEPT AND THE USE
OF FUZZY EXPECTED INTERVALS
Zadeh introduced fuzzy logic in 1965 [6] . Kandel and Byatt have proven all of the theorems used in the following section [11] . The system was designed to calculate the fuzzy expected intervals (RE.I) for each area of interest. This means that it can produce the characteristic interval that best describes the current fire situation in the area. This situation can be expected for the following year.
For example, the F.E.I. produced for the period 1980 to 1995, for a certain prefecture, could be (12, 16 ). This would mean that forest fires for this area would fall between 12 and 16 for the time period 1980 to 1995. It has been proved in the testing phase of the system, that the F.E.I. can be used effectively as a fire risk measure for cach area of Greece. In this way, a classification of all the prefectures of Greece according to their fire risk can be achieved. The system manages to produce an interval that is as narrow as possible.
The central idea is that statistically and practically the system is not interested in forecasting the point estimate (something that is impossible in the case of forest fires) but in finding the general tendency and its direction. The main point is to know if the interval of values that describes the problem of forest fires (for a specific area of interest) will increase from [1200,1350] to [1300, 1400] or if it will drop to [900,1000] and not to estimate the precise number of forest fires to follow.
This means that data can be grouped in an imprecise way (using various keywords) and thus, fuzzy logic can be applied successfully.
For example, if (hypothetically) the forest fire frequencies for all of the country are 980, 900, 945, and 999 for the years 1980, 1981, 1982 , and 1983, respectively, they can be grouped in the following way.
On four occasions there were almost 1000 fires.
In this way, the data can be grouped imprecisely.
According to Kandel and Byatt [11] , there are four types of linguistics that can be used for the imprecise classification of the data. This is a very flexible type of classification and it provides the system with a very clear view in each case.
After the imprecise classification, there are four tasks that should be carried out, for the F.E.I. of each area to be produced.
The description of the four tasks provided below is drawn from Kandell [11] .
A. The first task is to construct the characteristic function C(X) in the following way. The data of the imprecise classification will be used as input The number 3000 is used as the maximum number of forest fires that can ever break out in Greece, according to the data existing so far. (It is the most extreme case according to the designers' judgment). This function is mainly used
to normalize forest fire frequencies according to the highest number o f forest fire breakouts.
A similar function where 3000 is replaced with 50,000 hectares (Ha) of burnt land is used for the forecast of the hectares (Ha) of burnt areas. It should be mentioned that these nmnbers can be adjusted by the user if it is necessary. B. The second task is to find all # using the following equations (1) and (2), where # are intervals of the form [LB, UB]. This process uses the groups of data that were produced by the imprecise classification. In this case, equation (1) is used to find the upper bound for the interval #, MAX(pil, pi2 )
Where pil is the lowest bound of group i and pi2 is the upper bound of group i.
In this case, equation 2 is used to find the lower bound for the interval #,
C. After the second task is over, there is a series of intervals produced. These intervals are grouped into a nmnber of rows. The number of the rows equals to the number of lines used in the imprecise classification. Each row contains a pair of data intervals.
In the third task the intervals that belong to each row are compared to each other, in order to find the minimum interval of each row. Theorems 1-6 are used to perform the interval comparison.
It should be mentioned that R and S are both closed intervals of integers. The number rl is the lower bound of interval R and r,~ is the upper bound of interval R. The number Sl is the lower bound of interval S and S,~ is the upper bound of interval S. The maximum interval found is the F.E.I. Its bounds should be multiplied to the maximum number of fire breakouts or to the maximum number of burned Ha in order to produce the real F.E.I. This interval indicates the expected situation for the following year in the whole country or in a part of Greece.
It is obvious that the narrower this interval is the better the value and the use of it is. To achieve a narrower interval of forest fires for the following year, the classification of the groups of frequencies should be successful.
DESIGN OF THE SOFTWARE
The actual D.S.S. consists of two subsystems. The first one called the TRAPSYS (trapezoidal system) uses the trapezoidal membership function to produce the annual forest fire risk for each area of Greece based on forest fire frequencies. The TRAPSYS subsystem was developed in MS-Access for two main reasons. First, because it requires the input, storage and manipulation of a large amount of data on forest fires and second, because its inference mechanism is quite straightforward. The FORESYS (forecasting system) is the second subsystem that forecasts a closed interval of values for the following year's burned area. Data is input in an imprecise way by tile user and tile system requires a good inference mechanism to produce fast and reliable results. For this reason the FORESYS was developed under the decision support system shell Leonardo that offers all three known inference strategies and the developer chooses one as the default. Figure 1 illustrates the structure of the system.
It should be mentioned that the D.S.S. can be applied in any country of the world with data available and no special parameter for Greece has been considered.
Knowledge Base of the System
In TRAPSYS, the knowledge base is used to store the actual forest fire data from 1983 to 1996 and for cach prefecture of Greece. A relational approach has been followed and data have been stored in tables. Special attention has been paid so that the design of the tables follows the rules of the first normal form. The forest fire risk results are displayed in a spreadsheet form.
In FORESYS, the knowledge base is used to store not only the imprecise data input by the user but also rules and facts that affect the reasoning of the system as well. Rules and facts are stored in the main rule set and inside object frames. It is a typical form of knowledge base storage. The Leonardo decision support system shell was used, because it offers a unique development environment, a specific inference engine and a friendly user interface.
Inference Engine
The inference engine used is backward chaining with opportunistic forward. This means that it reasons in a backward mode, starting from the goal and firing only each necessary rule [12] . This means that it acts in an intelligent way and it does not use all of the rules. The data-gathering phase is performed in forward mode in order to make it faster. Figure 2 shows the initial screen of the TRAPSYS. It has been implemented to use forms with command buttons and spreadsheet-form resu]ts display. Figure 3 illustrates the input screen for the FORESYS. The user inputs the imprecise classification of forest fire frequencies in the boxes of the form. In both subsystems, the interface is quite easy to follow and user fl'iendly. The system executes on any Pentium II processor and above and under any platform of windows (win98, win2000, winXP). THE  SYSTEM  FOR  THE  ESTIMATION  OF THE  ANNUAL  FOREST  FIRE  RISK In our previous research [4] the developed system was tested to estimate the twenty areas of highest annual risk for 1994 and 1995, using a triangular membership function (TRIA.M.F) [4] . These areas were compared to the actual twenty areas with the highest forest fire risk, in order to check the system's accuracy.
User Interface

TESTING
In the present study the system is tested to estimate the annual forest fire risk for 1997, using a semitrapezoidal membership Function. The results of the two approaches were discussed and the risky areas of the two approaches were compared to each other.
Existing Experience from the Use of Triangular Membership Function
The results of the triangular membership function testing for 1994 and 1995 [3, 4] are presented below in order to be compared to the results of the system that uses a semitrapezoidal function for 1997. Table 2 includes the system's risk estimation for the year 1994 [3, 4] . Actually it contains the areas that were characterized (by the system) as high risky when forest fire data (fire frequencies) from 1983 to 1993 was used. The classification was based on the degrees of membership that were produced by the system using the TRIA.M.F. for each prefecture of Greece. This classification should have been considered in the year 1993, in order to design an effective forest policy for 1994. Such a design should mainly concentrate the biggest part of its forces (firemen, vehicles, airplanes, foresters) into areas that are characterized by the system as highest risky. It should organize groups of foresters that would watch the most risky areas, for fire breakouts. Table 2 also includes the prefectures of Greece that were actually areas of high The same testing had been performed [4] for 1995, with forest fire data (fire frequencies) from years 1983 to 1994. Tile characterization of the prefectures that was produced by the system was compared to the classification that was based on actual forest fire frequencies for 1995. Table 3, includes all the details of the testing that was done for 1995 [4] .
The results show that the system offers a reliable approach.
Testing the System with the Semitrapezoidal Membership Function
The actual DSS that was developed in this research effort, was tested for the year 1997 using burned area history (while for 1994 and for 1995 forest fire frequencies were used) and applying a semitrapezoidal mmnbership function (STR.M.F) Table 4 contains the values of the semitrapezoidal membership function for the prefectures of Greece based on the actual data from 1983 to 1996 (burned areas). The degrees of membership of the prefectures determined the ten and the twenty most risky prefectures of Greece for the following year. Actual data for 1997 (burned areas) was compared to the predicted result of the D.S.S. and the accuracy of the developed D.S.S. was decided.
The testing was performed for 1997 because there are no forest fire records for 1998. In 1998 the forest fire protection was taken from the forest departments and it was assigned to the fire departments. Fire departments did not keep any inventories for 1998. There are only elementary recordings and probably inaccurate from 1999 to 2001 and they cannot be used for scientific purposes combined with the data before 1997. It should be mentioned that there are more than 11000 forest fires recorded every year after 1998 while the maximum number of forest fires from 1970 to 1996 was 3000.
Discussion of Risk Estimation Using Various Types of Membership Functions
The older version of the system [4] that used a (TRIA.M.F) characterized correctly 12 out of 20 prefectures as high risky for 1994, which means that it offers an accuracy of 60%.
On the other hand, it identifies correctly 14 out of the 20 prefectures of high risk for 1995 which gives it an accuracy of 70%.
The developed TRAPSYS has also proven to be very reliable for 1997 and its accuracy has reached the value of 60% in the prediction of the ten most risky areas.
More specifically after comparing the ten prefectures with the highest degrees of membership to the actual forest fire data for 1997, the prefectures of Fthiotida, Larisa, Evoia, Voiotia, Attiki, and Xania were correctly predicted to belong to the ten most risky prefectures. On the other hand, the use of absolute actual fire history for the determination of the ten most risky areas was correct only in four out of ten cases and it had an accuracy of 40%. This means that the use of fuzzy sets improves the forecasting accuracy by 20% for 1997.
The prediction of the TRAPSYS system for the twenty most risky prefectures for 1997 was also 60% as it forecasted correctly the twelve out of the twenty most risky areas. On the other hand the use of absolute actual fire history from 1983 to 1996 had a prediction accuracy of 45%. This approach was correct only in nine out of the twenty most risky areas.
The first forecasting that has been carried out by the system is very encouraging. The testing has proven that fuzzy sets offer an objective and reliable approach for the measurement of forest fire risk. This helps towards developing forest fire risk validation of the various parts of the country.
The forest fire data used in the testing phase come from the Central Forest Service Department that is located in Athens. It should be mentioned, that the forest fire data concern forests, pastures and brush lands.
IDENTIFYING FOREST FIRE RISKY AREAS USING FEI
The second part of the developed D.S.S. was the FORESYS. The task performed by the FORESYS was the estimation of the fuzzy expected intervals. These are the intervals of values describing the problem for a specific time period. The twenty prefectures of Greece with the highest expected intervals of burned areas, counted in 0.1 Ha were determined by the DSS for the period 1983 to 1995. These prefectures were compared to the actual twenty most burned areas for 1996. The purpose was to determine if an annual forest fire protection policy based on the FEI approach would be effective. The main issue was the following: "How many of the expected most risky prefectures for 1996 were actually high risky?" The answer to this question would determine the validity of the DSS output. Table 5 presents the results. 
CONCLUSION
The system has proven to have a high percentage of accuracy applying the concept of FEI on the problem of forest fires. Only in five out of twenty cases, the system has proven wrong. This means that an annual forest fire protection and prevention policy for 1996 that would be based oil a FEI analysis, would have a success of 75%. Obviously, the DSS offers a very reliable approach. The changes in the five cases of the system's failure are too extreme to be followed. It should be mentioned that in the case of Xios the highest burned area from 1983 to 1995 was 340 Ha and in 1996, 3045 Ha were burned, in Preveza the highest burned area from 1983 to 1995 was 160 Ha and in 1996, 1260 Ha were burned.
Both subsystems, tile TRAPSYS and the FORESYS have proven that various aspects of fuzzy Algebra can be applied successfully towards the annual forest fire risk estimation. The scope of this estimation is the design of an effective annual prevention and protection policy. Also, other fuzzy logic aspects like T-norms can be involved in order to produce a unified risk index that will cover most of the factors to a specific extent and the fuzzy approach can be improved. This could be a major and crucial extension of the D.S.S.
The most important of all is that this approach can be applied to estimate the annual risk due to any type of natural disaster. For this reason, our research team will work on other types of natural disasters (e.g., floods) using actual data. This could be an important extension of our system. Also, there is nothing that restricts the methodology to be used only in Greece. If appropriate data exist it can be applied in any country of the world. The evaluation and potential improvements of the D.S.S. will be discussed and published in the near future.
